I examine the relationship between the characteristics of firm knowledge in terms of capital, diversity and relatedness, and productivity. Panel data regression models suggest that unlike knowledge diversity, knowledge capital and knowledge relatedness explain a substantial share of the variance of firm productivity. Activities based on a set of related technological knowledge are more productive than those based on unrelated knowledge because the cost of co-ordinating productive activities decreases as the knowledge used in these activities becomes integrated efficiently. The contribution of knowledge relatedness to productivity is significantly higher in high-technology sectors than in other sectors.
Introduction
This paper explores the contribution of the firm knowledge base, defined as knowledge capital, diversity and relatedness, to productivity. A firm's knowledge base is considered well related when its set of scientific and technological competencies conforms to a priori information on how technologies relate to one another. As Penrose (1959) pointed out, firm performance depends not only on the stock, or capital, of its competencies but also on how diverse competencies are combined. I test for the importance of these three characteristics -knowledge capital, diversity and relatednessusing financial and patent data from the top 156 of the world's largest manufacturing corporations between 1986 and 1996.
The next Section reviews relevant theoretical and empirical literature. In Sections 3 to 5, I present the model, measures and data used to measure firm knowledge. The results are discussed in Section 6, leading to the conclusion in Section 7.
Theoretical background
The literature investigating the econometric relationship between knowledge and productivity has produced convincing evidence of the positive contribution of knowledge capital to productivity (Griliches, 1979 and following papers).
Supplementary studies have yielded similar results, observing a quasi-systematic econometric relationship between some sort of knowledge capital and the general productivity of the firm. However, these studies have failed to address the relationship 3 between some characteristics of firm knowledge in terms of diversity and relatedness with firm economic performance. The reasons for this is that knowledge is generally considered homogeneous and that, as a consequence, firm knowledge capital equates with the sum of homogeneous pieces of knowledge.
Instead, I argue that knowledge is intrinsically heterogeneous in nature because it refers to various scientific disciplines and is embodied in diverse technical devices. Such scientific and technical knowledge may further yield a variety of services, the exploitation of which is far from given. As argued by Penrose (1959) , firms must devote additional efforts to combine their resources, comprising their knowledge capital, in a non-random and non-obvious way. The integration of heterogeneous scientific and technical resources gives rise to ad hoc, local arrangements, thus leading to a persistent heterogeneity amongst competing firms. Teece et al. (1994) argue that the non-random organisation of activities has its very roots in the firm's competencies. When entering into new business lines, firms move into activities with similar scientific and technical competencies and common complementary assets. Thus, diversification strategy is not a free game; hazardous and aggressive diversification may threaten the overall coherence of the firm and even its viability. Diversification inherently calls for some sort of integration, to increase the coherence of the firm's activities and the underlying knowledge base (Breschi et al., 2003) .
The economic justification for diversifying in related activities is that diversification comes at a cost, stemming from increases in agency costs, sub-optimal choices in investments across divisions, imperfect internal capital market, etc. (Rajan et al., 2000; 4 Lamont and Polk, 2001; Graham et al., 2002) . An additional cost is that diversification is likely to momentarily decrease the level of knowledge relatedness at both the plant and conglomerate level, thereby disrupting existing co-ordinating mechanisms. In turn, firms must devote part of their focus towards integrating these new sets of activities, competencies and technological knowledge with pre-existing ones.
Knowledge relatedness is in fact tightly linked with technological and/or business diversification and firm performance. In one of the earliest examples Rumelt (1974) showed that diversification is more likely to be successful within related activities sharing similar business lines and production chains. Later, Scott (1993) showed that diversification in related markets is purposive and tightly linked to higher profit rates. Schoar (2002) shows that although increases in diversification lead to a net reduction in total factor productivity, diversified firms enjoy higher productivity levels than single segment firms. Firms seek to benefit from economies of scope by diversifying their activities in related businesses (Montgomery, 1982; Ramanujam and Varadarajan, 1989; Montgomery and Hariharan, 1991, Teece et al., 1994) . Importantly, related diversification has been shown to be positively associated with higher growth rates of profits (Palepu, 1985) . Scott and Pascoe (1987) demonstrate that R&D diversification in large U.S. manufacturing firms exploits complementarities across research programmes that consolidate around related categories of products.
A tentative interpretation is that related diversification not only builds upon similar competencies, when similar sequences of productive activities are shared amongst several business lines, but also stems from vertical diversification, where the productive activities across businesses integrate complementary activities and competencies.
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Arguably, the cost of co-ordinating a set of productive activities decreases as the knowledge used in these activities becomes integrated efficiently. Thus activities based on a related set of technological knowledge should prove more productive than activities based on a heterogeneous and unrelated set of activities. In the following, I test the hypothesis that there is a positive link between knowledge relatedness and firm productivity, but remain agnostic regarding the contribution of knowledge diversity to productivity.
The model
Similarly to Griliches (1979) , I start by using an augmented Cobb-Douglas production function. Firm output is a function of its traditional factor endowment of capital and labour and knowledge stock:
where subscripts i and t refer to the firm i and the current year t, Q is output measured by sales, A is a constant, C is the gross value of plant and equipment, L is the number of employees. Traditionally in Eq.(1), K is defined as the firm's stock of knowledge.
Suppose instead that knowledge stock K builds upon heterogeneous pieces of scientific and technical knowledge. These encompass specific technical artefacts, human capital, scientific principles guiding research activities (such as in the biopharmaceutical industry), etc. Assume for simplicity that activity k calls mainly on the stock of knowledge e dedicated to activity k: ek may be thought of as the level of scientific and technical expertise dedicated to the k th activity. Importantly, activity k may also benefit 6 from knowledge associated with other activities l (l≠k) held within the firm, depending on their associated level of relatedness lk τ . Now let D be the number of productive activities within a firm: D represents the scope, or diversity, of the firm's knowledge base. It follows that:
Eq.(2) means that the total knowledge stock k available to activity k is knowledge stock ek and all other knowledge stocks el (l≠k), weighted by their associated relatedness lk τ .
Generalising Eq.(2) to all productive activities within the firm yields the aggregate knowledge base K: 
Eq.(4) states that firm knowledge is a function of its total knowledge capital or expertise E, the number D of productive activities implemented within the firm and relatedness I across activities. Note that as D becomes larger,
, so that for large firms a reasonable approximation of the firm's knowledge base is
The amendment of K as done traditionally leads to two supplementary properties of firm knowledge being inserted: knowledge diversity and knowledge relatedness. The existence and relevance of this property is due to the 7 collective nature of knowledge: in order to produce aggregate outcomes, diverse knowledge must be combined in a non-random and non-obvious way and integrated into a coherent base. Suppose for instance that firm i is composed of a set of entirely unrelated activities, implying no spillovers across activities (R = 0), the knowledge base K is reduced to its mere knowledge stock E. Conversely if firm i is composed of a set of related activities (R > 0), knowledge base K increases with the numbers D of productive activities implemented inside the firm weighted by their average relatedness R. In what follows I assume that:
Substituting (5) into (1), noting θK = δ ⋅ ϖK, where ϖK is the weight attributed to each of the three properties of firm knowledge base, and K = {E, D, R}, yields:
or in the log form:
where k = {e, d, r} and β, α and θK are the parameters of interest. The error term uit is decomposed into ηi, λt and εit (
constant capturing persistent but unobserved individual heterogeneity across firms such as managerial capabilities, firm propensity to collaborate, the type of economic environment, etc., λt ~ IID(0,σ 2 λ ) is a 1×1 scalar constant representing the time fixed effect which would capture positive or negative trends common to all corporations and εit Ĩ ID(0,σ 2 ε ) is the individual disturbance. Eq.(7) can be estimated by least squares. 
Measures of firm knowledge
Perhaps the starting point of any work on knowledge should simply state that unlike physical assets, it is impossible for all the components of intangible capital to be accurately described. Therefore the observer must compromise and find only indirect traces of knowledge. For example, the contributions by Griliches have repeatedly used past R&D investments as a proxy for knowledge capital. Patent data have also been used for similar purposes and I base the three measures of knowledge capital, diversity and relatedness on the use of patent statistics. There are several pitfalls in using patent statistics, ranging from persistent sectoral differences in firm patenting to the quite heterogeneous economic value of patents (Archibugi, 1992; Pavitt, 1988) . However, these criticisms lose their relevance when one uses patents statistics as a proxy for competencies.
Importantly, patent statistics provide information on technology classes in which firms develop technological competencies. This information is essential in experimenting for the expected positive role of knowledge diversity and knowledge relatedness. First, I
measure knowledge capital using the so-called permanent inventory method, and measure it as the cumulated stock of past patent applications using a rate of knowledge obsolescence of 15% per annum:
, where p is the number of patents applied for by firm i in year t and δ represents the rate of knowledge obsolescence.
Second, I define knowledge diversity as the breadth of the firm knowledge base. Let pkit be the number of patents applied for by firm i at time t in technology class k. In order to 9 compensate for abrupt changes in firm learning strategies and introduce some rigidities in firm set of technological competencies, Pkit sums patent applications over the past five years: In the second step, I compute the weighted average relatedness WARk of technology k with respect to all other technologies within the firm. Similarly to Teece et al. (1994) , the weighted average relatedness WARk of technology k is defined as the degree to which technology k is related to all other technologies present within the firm, weighted by patent count Pkit.:
WARk is a measure of the expected relatedness of technology k with respect to any given technologies randomly chosen within the firm. WARk may be either positive or negative, the former (latter) indicating that technology k is closely (weakly) related to all other technologies within the firm. Consequently, knowledge relatedness at the firm level is defined as the weighted average of the WARk measures:
Eq. (9) estimates the average relatedness of any technology randomly chosen within the firm with respect to any other technology. Again, this measure can be either negative or positive, the latter indicating that the firm's technologies are globally well related, while a negative value shows a poor average relatedness amongst the technologies in which the firm has developed competencies.
Applied to technology classes, the relatedness measure implies a different interpretation than when applied to activities, as done in Teece et al. (1994) . For indicates primarily the complementarity of the services rendered by two technologies. In the remainder of the paper, the term "relatedness" refers to complementarity between two technologies. 1
Data
The dataset used in this study is the compilation of a patent data set combined with a financial data set. Concerning the former, I used the US Patent and Trademark Office (USPTO) patent dataset provided by the National Bureau of Economic Research (Hall et al, 2001 ). This dataset comprises more than 3 million US patents since 1963, but requires some additional manipulations to convert it into a workable tool. First, using the information on the company name and year of application 2 , I selected the most abundantly patenting manufacturing firms using Fortune 500 (August 1998). Because many of the world's largest companies operate outside the manufacturing sectors, such as banking or insurance, the selection yielded a sample of 162 companies, meant to be the world's largest manufacturing corporations. Second, the lack of data on firm consolidation in the USPTO patent dataset was overcome using the Who owns whom 2000
Edition. 3 Third, the USPTO dataset provides one U.S. Patent technology class for each patent. An appealing opportunity is to use patent citations to link technologies to each other. But as emphasised by Jaffe et al. (1998) , citations are rather noisy, because they may be used to comply with various legal matters regarding the validation of technological novelty. As an alternative, information on the technological content of patents was completed by collecting all international technology classes (IPC) assigned to each US patent 13 document. 4 The six-digit technology classes proved to be too numerous and I therefore use them at the three-digit level, analogous to a technological space of 120 technologies. 5
Because more than one technology may be listed within one single patent document, it is then possible to calculate the frequency with which two technologies are listed together. 6
This patent dataset further enhances the computation, at the firm level, of the variables measuring knowledge capital (E), knowledge diversity (D) and knowledge relatedness (I) between 1968 and 1999.
The other data set, the 1997 edition of Worldscope Global Researcher (WGR), provides the financial variables required. Firm sales are used as a proxy for output (Q), gross value of property plant and equipment measures firm capital (C), whereas the number of employees is used to proxy labour (L). Ideally, one would like to measure valueadded to measure output (Q) more accurately, and control for labour quantity and quality by having data on the number of hours worked and on wages and compensation. Unfortunately, companies do not disclose such information systematically and the resulting figures proved too scarce to be of any use. Information on value-added and the number of hours worked or on education is not systematically provided in company SEC filings. Therefore, the variable on labour input can only be used in ratio yielding the following functional form:
The parameter ϕ is used as an assessment for constant returns to scale. If the parameter ϕ is not significantly different from nullity, i.e. ϕ = 0, the world's largest manufacturing firms enjoy constant returns to scale in production. However if ϕ is significantly different from zero, the production of the representative firm in the sample departs from an equilibrium of constant returns to scale, leaving the potential to either downsize (ϕ < 0) or expand (ϕ > 0) the scale of productive activities. Taking logs yields:
The left hand side of Eq. (11) is the logarithm of labour productivity, and β, ϕ and θK are the parameters of interest and can be estimated by ordinary least squares.
Additional data on the net value of property plant and equipment (NC), R&D investments(R), main industry group (two-digit SIC) and secondary industry groups are also used to control for the age of capital by calculating the ratio of net over gross capital (NC/C) 7 , R&D intensity(R/Q), industry specific effects and product diversification, respectively. Financial data originally expressed in national currency have been converted into US dollars using the exchange rates provided by the Organisation for Economic Co-operation and Development (OECD). All financial data were then deflated into 1996 US dollars using the Implicit Price Deflator provided by the U.S. Department of Commerce, Bureau of Economic Analysis.
{Tables I & II Approximately Here}
Compiling data from both the patent and financial datasets produced an unbalanced panel dataset of 156 companies observed between 1986 and 1996, yielding 1,608 observations. Tables I and II display the descriptive statistics for the set of variables and provide general information on the various industry groups of the sample (Standard Industry Classification -SIC two digit). The sample is composed of firms from 11 industry groups. These are rather heterogeneous, as they differ significantly in terms of their aggregate productivity levels, research intensity, and knowledge characteristics (Table II) Table II ), with more than 5% of their sales invested in research. Thus, our findings are likely to be biased towards more research-intensive sectors, which is in line with the selection procedure of selecting the most abundantly patenting firms in the set of the world's largest manufacturing corporations. Consistently with Eq.(11), all variables are entered in logs, and their correlation coefficients are displayed in Table III. {Table III Approximately Here}
Results

Main Results
Several econometric specifications have been used to estimate Eq. (11) and Table IV reports the main results. In Column (1), the results of Ordinary Least Squares (OLS) on the pooled sample show that all explanatory variables have a significant effect on labour productivity. Not surprisingly, the effect of physical capital (c -l) is quite large (0.690) and in line with previous findings that the omission of materials in the production function overestimates the effect of physical capital (Griliches and Mairesse, 1984) . The estimate for labour l is significant and negative (-0.197) , which implies that the world's largest manufacturing corporations cope with steep decreasing returns to scale. This is hardly surprising, for the size of the world's largest corporations offers little scope for productivity gains related to increases in their scale of operations. The effect of the newness of capital (NC/C) is significant (1.005), suggesting a positive contribution of embodied technical progress to firm productivity.
{Table IV Approximately Here}
The effects related to firm knowledge base are all significant. Consistently with the works of Griliches, knowledge capital e contributes positively to firm productivity (0.035), although knowledge capital as measured here differs from measures of R&D stocks. The negative sign of knowledge diversity (-0.101) is in line with, but not identical to, the so-called "diversification discount". Similar to product diversification, diversified knowledge bases impact negatively on firm productivity owing to increased agency costs and sub-optimal choices in investments across divisions. Knowledge relatedness is highly significant (0.894). This conforms to the initial intuition that knowledge relatedness is related to coordination costs: firms diversifying in related activities are more productive because the cost of co-ordinating a heterogeneous set of productive tasks is simply lower to that of combining unrelated activities.
In columns (2)- (7), I explore alternative specifications of Eq.(7) in order to test for the robustness of these preliminary findings. Column (2) introduces a firm specific effect ηi by converting all variables as differences from group (firm) means. This wipes out the unobservable and persistent heterogeneity across firms, which may alter the consistency of the estimates. The specification (Least Square Dummy Variable -LSDV) produces fairly robust estimates for most explanatory variables: large corporations cope with decreasing returns to scale; the effect of knowledge capital and relatedness remain highly significant whereas the effect of knowledge diversity to productivity becomes largely insignificant.
Eq.(7) relies on the critical assumption that the error term εit is serially uncorrelated. One can relax this assumption by adopting a dynamic representation of Eq.(7). First in column (3)- (5), all variables are expressed as differences from their value at time t -1 weighted by parameter ρ representing first order autocorrelation (AR1):
where x is any of the dependent and independent variables. The autoregressive model of column (3) produces a high ρ, which is near unity (ρ = 0.968). In column (4) all variables are entered as deviations form firm means. As a result, the estimated ρ decreases to a more standard value of slightly above 0.5. In the first difference where ρ is set to unity, control for the R&D intensity of firms and include only observations with the ratio (R/Q) above 5%. The knowledge variables are fairly stable, but the estimate of knowledge relatedness is higher than for the whole sample. This suggests that high-technology firms rely more heavily on knowledge relatedness than less R&D-intensive firms.
{Table V Approximately Here}
This is further illustrated in columns (9)- (11) where observations have been grouped according to the sectoral aggregate R&D intensity as displayed in Table II . Hightechnology sectors comprise 53 large corporations from Chemicals (29 firms), Electronics (17 firms) and Instruments (7 firms), with an aggregate (R/Q) ratio above 6%. Mediumtechnology sectors comprise 50 large corporations from Industrial Machinery (16 firms), Transportation Equipment (27 firms) and Communications (7 firms), with an aggregate (R/Q) ratio between 4% and 6%. The low-technology sectors consist of 31 firms (Oil, 5 firms; Food, 6 firms; Primary Metal, 11 firms; Petroleum, 9 firms) but exclude the miscellaneous category entitled "Others".
The results show that capital productivity is fairly stable across sectors, but the values of the labour estimate l suggests that decreasing returns to scale are not as steep in hightechnology sectors as for others. This in turn may be due to several factors but it is consistent with the idea that such sectors constantly introduce new products that may keep the scale of productive activities closer to equilibrium. The knowledge variables exhibit an interesting steady pattern, where knowledge capital and relatedness are significantly higher in high-technology sectors, while in low-technology sectors, the source of superior productivity does not seem to rely on the characteristics of firm knowledge base. In fact, one should be careful in rejecting the role of knowledge in lowtechnology sectors: it may well be that these firms have all achieved a satisfactory level 20 of knowledge capital and relatedness that is a pre-requisite for their productive operations. More fundamentally, it may also be the case that patents do not capture used or useful knowledge, the latter being embodied in other, unobserved, technical artefacts and human capital. Since knowledge is supposedly more stable, the knowledge variables are no more a discriminating criterion for high productivity, but remain a criterion for firm survival. Failure to accumulate related knowledge in a productive fashion may lead to firm exit.
In columns (13) Second, I investigate the effect of geography on the production function by grouping firms into three sets: North America, including Canada (Column 15), Europe (Column 16) and Asia (Column 17). All groups have a peculiar production function. American firms conform mostly to the general results. Firm productivity in European corporations is mainly based on knowledge capital. Asian corporations exhibit an unlikely production function since both diverse and integrated knowledge bases impact negatively on firm productivity. These regional particularities reflect the sectoral endowment of the geographic decomposition.
6.3 Mismeasurements of knowledge
The second issue is related to the measures used for the knowledge variables, the choice of which may affect the significance and sign of the coefficients. Table VI Table IV ). In column (18), I follow Griliches and Mairesse (1983) and Griliches and Clark (1984) and use the ratio (R/Q) to proxy knowledge capital. The results are as expected, positive and significant, although the estimate for knowledge relatedness loses its significance, due to its colinearity with R&D investments.
In columns (19) and (20) The results show a persistent non-significance of technological diversification with firm productivity, whereas the other estimates are consistent with previous results. I do not, however, rule out the significant role of technological diversity in firm activities. First, diversification has been shown to be a major input for innovative activities, simply because new ideas are more likely to emerge from a stock of diversified knowledge (Henderson and Cockburn, 1996) . Switching the dependent variable with innovative output would certainly depict the positive and significant contribution of knowledge diversity to firm innovation. Second, technological diversification is being increasingly 22 viewed as being a major characteristics of modern productive activities: firms differ more on the basis of their product portfolio than they do in terms of their technological competencies, precisely because the share of scientific and technical knowledge in productive activities has increased substantially, keeping the number of productive activities constant (Patel and Pavitt, 1997; Gambardella and Torrisi, 1998) . Finally firms must develop technical competencies other than those they directly exploit in their productive activities, first to benefit from technical spillovers from competitors (Jaffe, 1986) , and second, to cope with the technological developments of their most direct partners (Brusoni et al., 2001 ).
In columns (21)- (23) Teece et al. (1994) and Breschi et al. (2003) and include only the (m -1) strongest links that are needed to create a connected graph that comprises all firm competencies. This captures the strongest associations across technical areas k and l and is equivalent to depicting the maximum spanning tree from graph τ and WAR' becomes non significant, raising the issue regarding the measurement of knowledge relatedness. Clearly, knowledge relatedness embodies a large firm-specific element that is not captured by the methodology developed in this paper, and it goes beyond the means of the metrics suggested here. In all instances, this measure is likely to embody significant noise, which in turn should bias the parameter estimate of knowledge relatedness θI downwards with respect to its unknown true value R θ . Thus globally, the positive and significant relation between knowledge relatedness and firm 24 productivity is quite supportive for the theory that more integrated knowledge is associated with lower coordination costs, thereby increasing significantly firm productivity.
G=(K,R). I thus rewrite Eq.(8) as follows:
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Mispecifications
The last issue investigates the validity of the linear specification, relying on the simplification that
whereas the original model implies that
. Additionally, one wants to distinguish the overall knowledge base effect from the weighted contribution of the three associated dimensions {E, D, R}. One can investigate these issues by first rewriting Eq.(10) as follows:
Eq. (13) is strictly analogous to Eq.(10), but the parameters ϖE and ϖI represent the weights associated with knowledge capital and knowledge relatedness respectively, whereas δ represents the overall effect of firm knowledge base on firm productivity.
Consistently with the previous results, I consider the estimate of knowledge diversity ϖD as being a residual, so that ϖD = 1 -ϖE -ϖR. From Eq. (13), one can recover the elasticities of firm productivity with respect to the knowledge variables by computing θE = ϖE × δ; θR = ϖR × δ; ϖD = (1 -ϖE -ϖR) × δ. One can then relax the simplifying assumption that
. Substituting (4) into (1) yields:
where the parameters δ,ϖE and ϖR are defined as previously and the estimate of knowledge diversity ϖD remains a residual: ϖD = 1 -ϖE -ϖR. In the log form, Eqs.(13) and 25 (14) become:
Eqs. (15) and (16) can be estimated by non-linear least squares. All variables are expressed as deviations from firm means, wiping out the unobservable heterogeneity across firms. Importantly,
can be negative, implying that Eq. (16) (15) and (16), for the whole sample and for the hightechnology sectors. It also distinguishes between the two measures of knowledge relatedness based on the WAR and WAR' computations. Although the parameter estimates for knowledge relatedness are at the borderline of significance (Columns 25 and 28), the results remain globally consistent with the previous remarks. First, the elasticity of deflated sales with respect to physical capital, although overestimated, remains quite stable across the specifications. The parameter for returns to scale is consistently negative for the sample as a whole, whereas firms active in high technology sectors operate in constant returns to scale.
The estimates depicting the elasticity of output with respect to firm knowledge are globally satisfactory. In column (24), parameter δ is largely significant and positive, suggesting that a 1% increase in the firm total knowledge implies a 0.62% percent in firm output per employee. The weights ϖE and ϖR imply that θR = 0.456 and θE = 0.175, which is slightly lower than the basic specification from column (2). The weights ϖE and ϖR estimated from the identical specification using WAR' (Column 27) are more in line with the primary role of knowledge stocks over knowledge relatedness. They also suggest that the effect of knowledge diversity on firm productivity may not be a simple residual (columns 25 and 28). Computing ϖD = (1 − ϖE − ϖR) shows that the role of knowledge diversity becomes quite large (0.223 in column 25 and 0.210 in column 28) for the whole sample of firms.
The comparison of columns (25) with (26) and (28) with (29) suggests that in hightechnology sectors, the role of knowledge relatedness is essential in boosting firm productivity. This is further compatible with the last estimates relating to the newness of physical capital (NC/C). Its large and significant effect in high-technology sectors suggests that much of firm productivity gains arise from investments in high-technology equipment. The supposedly higher technological turbulence in sectors such as chemicals (including the highly turbulent pharmaceutical industry), instruments and electronics challenges the ability of large corporations to assimilate and exploit new technical knowledge by integrating it into their own production function.
Globally, the non-linear specifications produce estimates that compare well with previous estimations. There is an issue regarding the role of knowledge relatedness but the associated parameter estimate remains at the borderline of significance. By and large, its value is consistent with previous estimations: knowledge capital and knowledge relatedness are active components of firm productivity, especially in high-technology sectors.
Conclusion
This paper has aimed to generalise intriguing insights into the importance of knowledge in firm performance. It has analysed the relationship between output, physical capital, employment and three characteristics of firm knowledge -knowledge capital, diversity and relatedness -in a sample of 156 of the world's largest corporations. The major finding is that knowledge capital and relatedness are important sources of productivity at the firm level. In fact, knowledge capital is insufficient to explain the contribution of intangibles to firm productivity. The intrinsically heterogeneous nature of knowledge implies that the way scientific and technical knowledge is combined impacts on firm productivity. The econometric results show that more integrated, better-articulated knowledge bases reach higher levels of productivity. The theoretical justification lies at the heart of economic theory: the cost of co-ordinating coherent knowledge bases is simply lower than that of co-ordinating unrelated pieces of knowledge.
Several issues relate to the heterogeneous nature of the sample, across time, industries and regions. Although there are important differences, these apply to the knowledge base as a whole more than they question the economic relevance of knowledge relatedness. Globally, the role of knowledge relatedness becomes stronger in knowledge-intensive sectors such as chemicals, drugs, electronics and instruments. In other sectors, its contribution remains positive and significant but significantly lower, even after controlling for probable mismeasurements in the knowledge variables and possible mispecifications in the econometric model.
There is also the possibility of improving the statistical methodology in several ways.
First, one can extend the data collection process to include the quality and quantity of 28 physical equipment and labour, to use value-added instead of gross output (sales), etc.
Alternatively, one can refine the patent data methodology by using citations in order to test whether technological relatedness is sensitive to the methods used to link technologies to one another. Moreover, the panel nature of our data suggests extending the work on simultaneity amongst the variables, notably on R&D expenditures as and explanatory variable for the knowledge variables.
The analysis has uncovered interesting relationships and left a number of issues open for further research. This suggests addressing the issue of knowledge relatedness as the dependent variable and the quantitative and qualitative efforts necessary in achieving desirable levels of relatedness. These encompass firm investments in research to pursue a given technological strategy; the set of partners involved in firm productive activities; and, not least, the investments in managerial resources themselves.
Finally, one should bear in mind that firms seek several goals simultaneously, some conflicting with others. Unquestionably in the short run, firms need to generate revenues. In the long run, they must anticipate as accurately as possible the potential technological opportunities that may impact directly on their productive operations. In other words, firms must invest in several research avenues, but only a few may prove to be highly profitable. This tension between profitability and survival has long been identified (March, 1991) . I suspect that the characteristics of firm knowledge must reflect these diverging goals, and future work should investigate more systematically the behaviour of the knowledge variables with respect to alternative measures of firm economic performance. [1986] [1987] [1988] [1989] [1990] [1991] [1992] [1993] [1994] [1995] [1996] Standard errors in brackets significant at 10%; ** significant at 5%; *** significant at 1% All models include the full set of year dummies. The OLS specification includes a full set of (SIC two-digit) industry dummies. In GMM1 and GMM2, the set of explanatory variables is instrumented using two lags and using the log of R&D intensity (R/Q) as a supplementary instrument. (Popper, 1972) but it offers the advantage of simplicity when dealing with multi-technology organisations.
In a non-parametric setting, one makes no assumption about the form of the distribution of technological co-occurrences across patents applications. A straightforward way to measure relatedness is then to compare the observed probability of any patent to combine technologies k and l with the expected probability, under the assumption that Considering the number of patent N applied for each year, it is a reasonable approximation. decreasing too severely the variance of knowledge diversity and relatedness across firms. 6 Altogether, 751,935 US patents have more than one technology class, which proves adequate for measuring technological relatedness. 7 The ratio (NC/C) is in fact a measure of the newness of capital, for the higher the ratio, the less depreciated the capital. The numerator is the share of patents in technology k in the total patent stock of firm i. Likewise, the denominator represents the share of patents in technology k in the total patent stock of all actors. Therefore for a given technology, if the share of patents of firm i exceeds that of all actors, RTA will be greater than unity and firm i will have a Revealed Technological Advantage in technology k. See also Fai (2003) for a detailed analysis of the world's largest corporation based on the RTA. 
